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Abstract. Multi-Access Edge Computing (MEC) have become the core
technologies to meet users’ needs for 5G and beyond wireless networks.
MEC applications can be flexibly created and placed at the network
edge through virtual network functions (VNFs) to provide users with
specific services with lower latency. In this paper, we consider a multi-
user dynamic MEC network, where user trajectories follow Lévy walks,
and each user has a set of requested target MEC applications. Our goal is
to obtain an online deployment algorithm that is able to serve dynamic
user requests within a tolerable latency while balancing the computa-
tional load among Mobile Edge Platforms (MEPs) as much as possi-
ble. This requires real-time processing of intractable NP-hard optimiza-
tion problems. To tackle this problem, we propose an online deployment
framework for MEC applications based on deep reinforcement learn-
ing, whose policy-based features adapt to the characteristics of the large
action space in the problem. The framework learns binary deployment
decisions from experience without solving NP-hard optimization prob-
lems, which greatly reduces computational complexity. Through simula-
tions, we demonstrate the ability of our scheme to balance the computa-
tional load among the available MEPs and to satisfy the dynamic service
requests of users.

Keywords: MEC application placement · Multi-access Edge
Computing (MEC) · Reinforcement learning

1 Introduction

Ultra Reliable Low Latency Communications (URLLC), one of the typical appli-
cation scenarios of 5G, requires high reliability and ultra-low latency access
(about 1ms in the radio access network (RAN)) [1,2]. Traditionally, central-
ized cloud-based applications cannot meet the low-latency requirements of some
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real-time applications due to their long-distance communication with user equip-
ment. In this case, multi-access edge computing (MEC) can deploy applications
or some of their components at the edge in the form of virtual network functions
(VNFs) to maintain low latency for key URLLC services [3]. Based on the stan-
dard ETSI MEC model [4], MEC applications are deployed on the MEC platform
(MEP) in the form of virtual machines or containers. According to the operator’s
deployment strategy, one MEP can cover a group of gNodeBs. We consider MEC
applications as a whole and can only be deployed on a single MEP. When deploy-
ing MEC applications at the edge, the MEC orchestrator (MEO) must select the
best MEP to meet the application latency and required resource capacity (CPU,
storage, etc.). However, in actual deployment, some MEPs may not be able to
carry some MEC applications, mainly due to the following three difficulties: (i)
Unlike the centralized cloud with super-large capacity located in the data cen-
ter, the computing power of a single MEP cannot meet the requirements of some
MEC applications for computing or storage resources, and the number of MEC
applications that it can carry is also limited; (ii)The unpredictable time-varying
wireless channel conditions brought about by the randomness of user distribu-
tion lead to uncertain transmission delays between users and MEPs, and it is
difficult to guarantee the tolerance delay of MEC applications required by users;
(iii) Considering the diverse dynamic service requests of different users, it is dif-
ficult to quickly meet the needs of all users for the required MEC applications.
Therefore, the challenging question raised by the above difficulties is where to
deploy MEC applications in order to better meet their application requirements
in terms of computing and storage resources and latency, while meeting the
user’s dynamic specific service needs.

Only a few works address the placement of MEC applications in edge clouds.
For example, a tabu search-based deployment algorithm for MEC applications in
federated MEPs is proposed in [5], which uses short-term memory to iteratively
find optimal solutions from a neighborhood solution space. Both [6,7] have made
meaningful work on the deployment of MEC applications, and [6] proposed a
method to schedule the optimal location of MEC applications based on temporal
network-wide delay fluctuations using optimal stopping theory, [7] proposed a
genetic-based heuristic algorithm to solve the optimal placement problem for
MEC applications. However, these works either do not consider the changing
network state caused by the user’s movement pattern, or require a large number
of iterations to reach a satisfactory local optimum, and crucially, do not consider
the needs of different users for specific MEC applications

Our work is inspired by the advantages of deep reinforcement learning in
dealing with reinforcement learning problems with large state and action spaces.
At present, there are some works that use deep reinforcement learning to study
the task offloading decision problem in MEC networks. MEC application deploy-
ment decision problem is similar to it, both problems are learned from training
data samples, and finally generated Integer decisions and assess their quality,
so we can learn from and reference. [8,9] studied task offloading strategies in
MEC networks based on DQN. [10,11] studied offloading and resource alloca-
tion based on dual DQN and duel DQN, respectively. [12] proposed a mapping
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method to improve the slow convergence of DQN in a large action space, but its
algorithm is more likely to fall into local optimum in some scenarios. In general,
these value-based reinforcement learning algorithms are not suitable for handling
problems with high-dimensional action spaces, and it is difficult to obtain good
convergence in our problem.

Fig. 1. An example of the considered MEC network, Where the MEP is attached to
the gNodeB, all User Equipments (UEs) are dynamically mobile and have requests for
specific MEC applications.

In this paper, we consider a multi-user MEC network, as shown in Fig. 1, each
MEP can deploy MEC applications within its available resources, and the MEPs
are connected through a high-speed Xn interface. In particular, there are multiple
users randomly distributed in each cell, and each user has a specific service
request. Our goal is to optimize deployment decisions for MEC applications. To
this end, we propose a deep reinforcement learning-based online MEC application
deployment framework to balance the computational load among the available
MEPs, while ensuring that the user access latency of MEC applications satisfies
constraints, as well as satisfying user-specific service requests. Our contributions
are summarized as follows:

– A user-oriented MEC application deployment problem was studied that con-
siders user-specific service requests and latency uncertainty caused by user
mobility, with the goal of balancing the computational load among MEPs.

– The problem is shown to be NP-hard, and the search space for its solution
grows exponentially. The proposed algorithm learns from past deployment
experience under user distribution and user service request conditions, and
automatically improves its action generation policy, so the computational
complexity does not explode with network size.
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– Different from many existing value-based reinforcement learning algorithms,
our proposed algorithm is policy-based, and it also has a good convergence
effect when the number of applications to be deployed is large and the action
space is large, avoiding the curse of dimensionality.

– The performance of the proposed algorithm is demonstrated by simulations,
showing that our scheme can balance the load among MEPs under vari-
ous user distributions and different service requests, while ensuring that the
requirements of MEC applications are met.

The rest of this article is organized as follows. Section 2 introduces the sys-
tem model and formulates the optimization problem. Section 3 introduces the
detailed design of the proposed algorithm. The obtained experimental results
are discussed in Sect. 4. Finally, the paper is concluded in Sect. 5.

2 System Model

As shown in Fig 1, there is one MEP attached to the gNodeB in each cell, and
there are E MEPs in total, denoted as E = {1, 2, ..., E}, the available computing
resources of the ith MEP is denoted as Ri, and their values vary in order to
simulate real scenarios. There are M MEC applications to be deployed, denoted
as M = {1, 2, ...,M}, the maximum tolerable delay of the jth MEC application
is denoted as lj , and the required computing resources are denoted as rj . There
are N user equipments (UEs) in the network, denoted as N = {1, 2, ..., N}. Each
UE has a set of target MEC applications, and the target MEC application list
of the kth UE is denoted as vk. There is wireless channel transmission between
UE and MEP, and high-speed Xn interface connection between MEPs, which
can transmit service data of MEC applications. In this paper, we will make
MEC application deployment decisions based on the user’s dynamic channel
conditions, as well as their list of different target MEC applications.

2.1 User Mobility

Due to the mobility of users, the deployment of MEC applications faces chal-
lenges. On the one hand, it is necessary to ensure that the target applications
requested by users can arrive within the maximum tolerable delay. On the other
hand, the capability difference between MEPs should also be considered, so as
to avoid a system crash caused by the overload of a certain MEP as much as
possible. Lévy walks [13] are a widely used way of simulating human flow tra-
jectories. In this paper, the action trajectories of N users in the MEC network
conform to Lévy walks. The user’s initial position is randomly distributed in
each cell, and to constrain the step size to the simulation region, we use a Lévy
stable distribution to generate user trajectories. The coordinate set of the user
at time t in the network area is recorded as ct.
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2.2 Delay Model

In this paper, we consider a typical Orthogonal Frequency Division Multiplex-
ing(OFDM) network with a frequency reuse factor of 1. There are K subchannels
in each cell, the subchannel bandwidth is denoted as B, and the subchannels used
by users are randomly allocated. The transmit power allocated by the base sta-
tion to a single user is P , the white Gaussian noise power is denoted as σ2, and
the path loss model refers to the typical empirical formula of the UMi scene in
3GPP TR 38.901 [14], denoted as hk, which can be expressed as

hk = 32.4 + 21 log10 (dk) + 20 log10 (fc) (1)

where dk is the distance from the gNodeB to the user k, and fc is the center
carrier frequency.

The scenario considered in this paper is that the MEC application provides
services for users, so the interference mainly comes from the downlink transmis-
sion power of the base station in the cell where the user sharing the subchannel
resides. The distance between the base station generating interference and the
user k can be denoted as dik, so the interference power can be expressed as

Nk =
∑

i

hikP (2)

Based on the above definition, the downlink transmission rate of the k − th
user can be expressed as

Rk = B log2

(
1 +

hkP

Nk + σ2

)
(3)

Denote the size of the data packet delivered when the MEC application provides
services as Dj , assuming that service data can be transmitted between MEPs
through the fixed-rate Xn interface, the transmission rate is denoted as R∗, and
the processing delay of one forwarding is denoted as t∗, then the delay of user k
when it obtains its target MEC application j deployed in MEPi can be expressed
as

Tik =

{
D/Rk if application j in k’s cell
D/Rk + D/R∗ + αt∗ otherwise

(4)

where α is the forwarding times.

2.3 Problem Formulation

The goal of this paper is to balance the computing load among MEPs as much
as possible, and the balance degree index can be formulated as follows:

Q(c,x,v) �
i=E−1∑

i=1

i′=E∑

i′=i+1

(|
∑j=M

j=1 x(i, j)rj
Ri

−
∑j=M

j=1 x(i′, j)rj
Ri′

|) (5)
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where c = {ck | k ∈ N} , v = {vk | k ∈ N}, and x represents the binary
deployment decision.

In order to find optimal or satisfactory sub-optimal application deployment
decisions, satisfy the requests of different users for MEC applications, and ensure
the delay and resource constraints required by these MEC applications, based on
the previous definition, the optimization problem can be formulated as follows :

min Q(c,x,v) (6)

s.t.

C1 :
i=E∑

i=1

X(i, j) = 1,∀j ∈ M

C2 :
i=E∑

i=1

j=M∑

j=1

X(i, j)rj ≤ Ri

C3 : X(i, j)Tik ≤ lj , ∀j ∈ vk, k ∈ N, i ∈ E

(7)

The problem (6) is to minimize the sum of load percentage differences
between MEPs. X(i, j) is the deployment decision matrix of MEC applications,
where x(i, j) = 1 if application j is deployed on the MEP i. C1 guarantees
that a MEC application can only be deployed on one MEP. C2 guarantees that
the resources occupied by MEC applications on each MEP do not exceed the
available resources. C3 guarantees that the user’s delay in using the service of
the target MEC application is less than the maximum tolerable delay of the
application. It can be seen that problem (6) is an NP-hard problem.

The main difficulty in solving problem (6) lies in the deployment decision.
Traditional optimization algorithms need to iteratively adjust deployment deci-
sions to achieve optimality, which is infeasible when the number of users and
MEC applications is large. In order to solve the complexity problem, we pro-
pose a novel online deployment algorithm based on deep reinforcement learning,
whose policy-based characteristics can be well applied to large action spaces and
meet the needs of users.

3 The Proposed Algorithm

Our goal is to design a deployment strategy function π, which can quickly gen-
erate optimal deployment actions. For example, when there are 4 MEPs, the
deployment decision of each MEC application can be represented by 2 bits,
so the deployment decision matrix X can be Reshape into a decision vector
x ∈ {0, 1}2M of length 2M . As users move within the network area, we take user
coordinates c every time period T as input to the function, which then gives
deployment decisions. This strategy can be expressed as

π : c → x (8)

The proposed algorithm gradually learns such a policy function π from experi-
ence.
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Fig. 2. Partial schematic diagram of the proposed algorithm without policy updates.

3.1 Deployment Action Generation

Part of the structure of the proposed algorithm is shown in Fig. 2. It consists of
two alternating phases: deployment action generation and policy update. First,
the deployment action generation is introduced. The user coordinate ct at t time
is input into the actor network, the network will construct a normal distribu-
tion, perform multiple sampling and output an action, and quantify it to get the
deployment vector x. Taking the existence of 4 MEPs as an example, the original
sampling output of the network is the continuous value of action ∈ (0, 1)2M , we
quantify it to get the required deployment decision x ∈ {0, 1}2M , the quantiza-
tion rule is shown in Eq. (9)

xt,j =

{
1 action t,j > 0.5
0 action t,j ≤ 0.5

(9)

for j = 1, ..., 2M
Then use c,x,v as a parameter to calculate formula (5), and since reinforce-

ment learning uses gradient ascent to maximize rewards and, we take its negative
value as the reward for the current action. When the constraints in (7) are not
met, we will punish the action and reduce the reward value. Store this set of
[ct,at, r, ct+1] in store memory, and then loop this process multiple times until
the number is at least reach a batch.

3.2 Policy Update

Our scheme is a deep reinforcement learning algorithm based on PPO (Proximal
Policy Optimization) [15], and the data stored in store memory will be used
to update the parameters of Deep Neural Network (DNN). Overall, our goal is
to make the deployment actions output by the network have an advantage, for
which the proposed algorithm uses an actor-critic architecture. The At calculated
by the critic network output is called the advantage function, which can be
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Fig. 3. Schematic diagram of policy update of proposed algorithm.

used to evaluate the advantage of the actor network output action. It should be
pointed out that the At here is the cumulative conversion advantage of the entire
experience pool. As shown in Fig. 2, the critical network output state value is
used to estimate the advantage function value At, which uses MSE loss as the
loss function, and updates the network parameters through backpropagation to
achieve a more accurate estimate.

Then, as shown in Fig. 3, the actor network starts to update. Through the
[c,a] stored in memory and the At obtained by using the critic network, use the
following loss function to update the parameters:

LCLIP (θ) =Êt

[
min

(
rt(θ)Ât, clip (rt(θ), 1 − ε, 1 + ε) Ât

)]
(10)

where rt(θ) represents the state-action probability ratio between the new policy
and the old policy, and ε is a hyperparameter that controls the distance between
the old and new policies. The actor DNN uses this backpropagation to update
its own network parameters, thereby maximizing the advantage, that is, getting
the maximum reward. We provide pseudocode for our scheme in Algorithm1.

4 Simulation Results

4.1 Simulation Setup

In this section, we use simulations to evaluate the performance of the proposed
algorithm. We simulated a scenario with 4 MEPs, the Gaussian white noise power
is −114 dBm, and the downlink transmit power is 29 dBm. Each user occupies 5
Resource Blocks (RBs), plus the protection bandwidth, a total of 1 MHz. Then,
the occupied resources rj and the maximum tolerable delay lj of each MEC
application are randomly generated. We use Pytorch [16] to implement the pro-
posed algorithm in Python, and set the policy update interval delta = 256, the
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Algorithm 1. An Online Algorithm for Solving MEC Application Deployment
Decision Problem
Require: ct, hk,Lk, Ri, lj , rj , Dj , R

∗, penalty parameterβ
Ensure: MEC applications deployment decision vector x
1: The random parameter θ1 initializes the actor DNN, the random parameter ω1

initializes the critic DNN, and clears the storage.
2: Set the number of iterations P , the training interval δ, and initialize reward0.
3: for t = 1, 2, ..., P do
4: The actor DNN outputs deployment decisions and quantifies, getting xt =

fθt(xt)
5: if Constraint (7) is satisfied then
6: Calculate rewardt = −Q(ct,xt)
7: else
8: rewardt = rewardt−1 − β
9: end if

10: Save [ct,xt, rewardt, ct+1] to memory
11: if t%δ = 0 then
12: Input memory into critic DNN
13: Calculate At and use MSE loss to update parameter ωt

14: Input memory into actor DNN-old and actor DNN-new
15: Use function (10) as the loss function to update the parameter θt

16: Clear memory
17: end if
18: end for

policy evaluation interval 5000, the learning rate of both actor and critic are
0.0003, and the penalty parameter β = 0.05.

To verify the performance of our scheme, we compare it with the DROO
algorithm and the unbalanced load algorithm, where the unbalanced load algo-
rithm only ensures that the delay and resource constraints of MEC applications
are met, and does not pursue load balance.

4.2 Simulation Results

In Fig. 4(a), we plot the load balancing value of our scheme when M = 20, N =
100, which is not the reward value of each training, but the average value of an
episode. We can see that when the number of training steps exceeds 15,000,000,
its average converges around −0.2. This means that after the model is trained,
the sum of the load percentage differences between MEPs can be stably reduced
to about 20% under the MEC application conditions given by us.

In Fig. 4(b), we compare the average delay of each MEC application providing
services to users and the constrained delay when M = 20 and N = 100. We
can see that the MEC application deployment decision output by the proposed
algorithm can fully meet the delay requirements for users to obtain services. It
should be pointed out that our randomly generated maximum tolerable delay lj
for each MEC application is relatively strict, so the algorithm decision cannot
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Fig. 4. Evaluated the convergence performance and service delay of our scheme when
M = 20 and N = 100. (a) The load balancing value of our scheme. (b) Average delay
for each MEC application to serve users, compared with constrained delay.

Fig. 5. (a) The load balancing effect of our scheme with different numbers of users
when M = 20, and its comparison with the baseline. (b) The load balancing effect
of our scheme with different numbers of MEC applications when N = 100, and its
comparison with the baseline

be completely inclined to balance the load and ignore the delay constraint. At
the same time, the computing resources required by each MEC application are
also designed to be indivisible and of different sizes. Therefore, the load balance
value in Fig. 4(a) can only be reduced to 20%, and then it cannot be further
reduced due to the constraints of delay and computing resources.

In Fig. 5, we compare the load balancing capabilities of our scheme and the
baseline under different numbers of users and MEC applications. In Fig. 5(a),
we show the load balancing value when the number of users is 50, 100, and 150
when M = 20. As can be seen from the figure, both our scheme and the DROO
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algorithm have a certain load balancing ability, and they are both significantly
better than the unbalanced load algorithm. Further comparison of our scheme
and DROO shows that our scheme is more stable when the number of users
changes, while DROO has a relatively significant performance degradation when
dealing with a larger state space. In Fig. 5(b), we show the load balancing value
when the number of MEC applications is 15, 20, and 25 when N = 100. It
can be seen from the figure that both our scheme and DROO are significantly
better than the unbalanced load algorithm, but both show a certain degree of
performance degradation when M increases. On the one hand, the increase of the
number of applications will bring more strict delay constraints, which will lead to
the decrease of the optimal value of the target. On the other hand, the increase
of M will also bring larger action space, affecting the convergence performance
of the algorithm. At the same time, it can also be seen that when M increases
from 20 to 25, the performance loss of the value-based DROO algorithm is larger
than that of our scheme, which reflects that the policy-based deep reinforcement
learning is better than the value-based algorithm in the large action space.

5 Conclusion

In this paper, we propose an online MEC applications deployment algorithm
based on deep reinforcement learning to balance the computational load among
MEPs while ensuring that the services requested by users are satisfied. The
algorithm learns from past deployment experience to improve the deployment
actions generated by the actor network through reinforcement learning, and has
a good convergence effect in a large action space. Compared with traditional
optimization methods, the proposed algorithm does not need to solve NP-hard
optimization problems at all. The simulation results show that, compared with
the benchmark scheme, our scheme has the optimal load balancing effect under
different number of users and MEC applications, and can satisfy dynamic user
service requests at the same time. As future work, we will continue to study the
performance of our scheme under burst application requests.
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